ABSTRACT Battery technology is the bottleneck of the electric vehicles (EVs). It is important, both in theory and practical application, to do research on the modeling and state estimation of batteries, which is essential to optimizing energy management, extending the life cycle, reducing cost, and safeguarding the safe application of batteries in EVs. However, the batteries, with strong time-variables and nonlinear characteristics, are further influenced by such random factors such as driving loads, operational conditions, in the application of EVs. The real-time, accurate estimation of their state is challenging. The classification of the estimation methodologies for estimating state-of-charge (SoC) of battery focusing with the estimation method/algorithm, advantages, drawbacks, and estimation error are systematically and separately discussed. Especially for the battery packs existing of the inevitable inconsistency in cell capacity, resistance and voltage, the advanced characterizing monomer selection, and bias correction-based method has been described and discussed. The review also presents the key feedback factors that are indispensable for accurate estimation of battery SoC, it will be helpful for ensuring the SoC estimation accuracy. It will be very helpful for choosing an appropriate method to develop a reliable and safe battery management system and energy management strategy of the EVs. Finally, the paper also highlights a number of key factors and challenges, and presents the possible recommendations for the development of next generation of smart SoC estimation and battery management systems for electric vehicles and battery energy storage system. INDEX TERMS Batteries, data-driven estimation, electric vehicles, model based estimation, multi-scale, state of charge.
I. INTRODUCTION
Battery technology is a major technical bottleneck with electric vehicles (EVs). To develop a battery system that can satisfy the requirements of EVs, many countries, such as America, Japan and Germany, have launched their own special projects to improve the performance of batteries [1] , [2] . Through the Tenth Five-Year Plan, Eleventh Five-Year Plan, and Twelfth Five-Year Plan, performance of battery cells has achieved significant improvement. The Ni−MH battery and lithium-ion battery have been widely used in a variety of EVs.
To ensure the safe application, improve the driving range, optimize the power management strategy, prolong the service life and decrease the cost of the batteries, efficient management for batteries is very necessary [3] - [10] . A general block diagram of a battery management system (BMS) is shown in Fig.1 . A BMS consists of many kinds of sensors, actuators, controllers and signal line. The basic task of a BMS is to ensure safe and optimal use of the energy inside the battery and to provide accurate battery state information for the vehicular energy management system. What's more, it should have the capability to give appropriate interventions for the battery system if it is operated in an abnormal condition. This is achieved by monitoring and controlling the charging and discharging process of batteries. The main task of the sample circuit is to measure the current, voltage and temperature according to the gating signal obtained from the control circuit. The basic task of the control circuit is to estimate the state of charge (SoC), state of health (SoH), state of available power capability (SoP) and state of life (SoL) of batteries through advanced algorithms with measurements of battery current, voltage and temperature converted from the analog signal. And then this information will be transmitted to the vehicular controller and provide key decision factors for vehicular energy management and power distribution [11] - [13] .
The SoC of a battery is defined as the percentage of the remaining capacity in its maximum available capacity. Battery SoC does the similar operation of the fuel gauge in a gasoline-driven vehicle which indicates how much energy is left inside a battery to power an EVs. Accurate estimation of battery SoC not only helps to provide information about the real-time remaining capacity and energy of the battery, but also gives assurance of a reliable and safe vehicular operation. However, since batteries are complex electrochemical devices with a distinct nonlinear behavior depending on various internal and external conditions, their accurate SoC estimation is a challenging task. On the other hand, because the voltage and energy of one cell are low, ten to thousands of cells have to be connected in corresponding series and parallel to satisfy the requirements of EVs. Considering the inconsistent cell characteristics of the performance and operating conditions inside every battery pack, SoC estimations for solving their inner inhabited states remain very challenging. Furthermore, the performance of the battery is highly affected by aging, temperature variation, charge-discharge cycles which make the task of estimating an accurate SoC very challenging [11] - [13] .
In considering the indispensable function of battery SoC in battery management, lots of methods have been proposed for determining the SoC accurately. Early from the year of 1960s, the academics, researchers, scientists have performed an extensive research to carry out the battery SoC estimation [14] , [15] . However, very few literatures have been found which provide a detailed description of the key difficulties to estimate battery SoC although more than half a century of efforts have been paid, the accurate estimation problem of battery SoC has not been solved efficiently [16] - [18] . Reference [2] , [10] , [16] , [17] have presented a detailed SOC estimation in terms of overall research progress, future development trends and the origin of SOC estimation. However, there is no systematic exposition of the SOC calculation process and algorithm selection and how to deal with the uncertain environment conditions and grouping of battery system in the electric vehicles. Thus, this paper hopes to fill up the gap by exploring different existing methodologies and addressing the key issues and challenges for the SoC estimation of battery pack, not only focus on the battery cells. It will be very helpful for the researcher, scientist and vehicle manufacturer to choose an appropriate method for battery management and energy management. This paper presents a classification for the existing SoC estimation methods. It systematically reviews the battery SoC estimation methods in EV applications with the completely operation process for each type. In order to provide detailed information and knowledge to the vehicle manufacturer and BMS developers, the benefits and drawbacks of the existing SoC estimation methods have been briefly elaborated in Section 2. The issues and challenges of implementing various SoC methods for battery pack are illustrated in Section 3. The conclusion and recommendation are presented in Section 4.
II. SoC ESTIMATION METHODS
As mentioned in the introduction, the determination of battery SoC is always an essential part of a BMS. The accurate and reliable estimation of battery SoC can provide a necessary assessment factor for vehicle energy management and optimal design of the control system. Therefore, a larger number of methods have been proposed for estimating battery SoC in real-time. For comparing these methods in more detail, we have classified them into four groups and the classification is illustrated in Fig.2 .
A. LOOKING-UP TABLE BASED METHODS
SoC of batteries has a direct mapping relationship with their external (static) characteristic parameters, such as the open circuit voltage (OCV), impedance et al. Thus, by measuring their parameters and then using the method of the looking−up table which was built with the relationships between SoC and one or more parameters, we can infer the SoC [19] - [22] .
Let us take battery OCV as an example. Fig.3 shows battery OCV versus SoC for a lithium−ion polymer battery (LiPB).
It indicates that the OCV of a LiPB cell shows a monotonically increasing trend with its SoC. Thus, if we know the OCV, we can infer battery SoC through looking-up the table between OCV and SoC. This relationship is exploited for the estimation of SoC for most battery management technologies. It can be efficiently used for calibrating the erroneous SoC. However, it is hard to measure the precise OCV in real-time because the measurement of battery OCV requires cutting off the power and having the battery rest for an extended period. On the other hand, the measurement of battery impedance relies on the measurement device, thus, it cannot be implemented for running EVs.
This type of SoC estimation method is more suitable for being applied to the laboratory environment.
B. AMPERE-HOUR INTEGRAL METHOD
When the maximum available capacity of a battery is known and its current can be measured precisely, the ampere-hour integral method can permit the accurate calculation of the variation of the SoC. If we know the initial SoC, we can obtain the accurate SoC. The calculation equation for the VOLUME 6, 2018 ampere-hour integral method is presented in Eq. (1) .
where z denotes battery SoC, z k and z 0 denote the SoC at discrete-time t k and t 0 respectively. t 0 denotes the initial value, t k = t 0 + k × t, t denotes the sampling interval. η denotes the coulomb efficiency, I L (t) denotes the load current of battery, Q denotes the maximum available capacity. It should be emphasized that Q has been defined as the nominal/rates capacity in some studies. Since battery capacity is affected by the operating conditions and aging status, it should not be constant in SoC calculation. Thus, we use the maximum available capacity. This method works very accurately for batteries because there are no significant side effects during normal operation. However, for the estimation of the SoC by this method, there are three drawbacks that need to be dealt with first. First, the initial SoC must be known. Second, the measurement errors of battery current from random disturbances, such as noise and temperature drift, are inevitable. Lastly, the Q is required to be recalibrated as the variation of the operating conditions and aging levels of the battery. The combination of the above-mentioned factors would further decrease the reliability of this method. Therefore, the ampere-hour integral method is more apt to work with other supporting techniques, for example, model-based methods.
C. MODEL-BASED ESTIMATION METHODS
With the development of battery technologies, a large number of battery models have been put forward for the purpose of vehicle power management and BMS [2] . The most commonly used models can be roughly summarized as three types: electrochemical model (EM), equivalent circuit model (ECM) and electrochemical impedance model (EIM). In the model-based SoC estimation methods, battery models are expressed as state equations. A lot of nonlinear state estimation algorithms and adaptive filters are employed to estimate or infer the internal state of batteries. The typical algorithms are Kalman filter [23] - [25] , Luenberger observe [26] , PI (proportion integration) observer [27] , H∞ observer [28] , sliding−mode observer [29] , [30] , et al. The Kalman filter has become a general technique for nonlinear estimation and machine learning applications. -up table based methods. An inaccurate SoC estimate calculated by the ampere-hour integral method brings an erroneous battery OCV, and then it increases the prediction error of the terminal voltage. In this way, the minimum prediction error of battery terminal voltage can be achieved only when the best SoC has been obtained. In other words, the OCV can be used to correct the estimation error.
1) ELECTROCHEMICAL MODEL (EM)
The EM, as proposed by Prof. Newman, has been employed to lots of applications with the development of the battery technologies. In general, the EM describes the mass, energy, and momentum transport of each specie for each phase and component of a battery cell. More specifically, the electrochemical model has capability to describe the macroscopic quantities such as cell current and voltage and local distribution on a microscopic scale for cell concentration, potential, current, and temperature [31] , [32] . Its strengths are the better prediction of the inward spatial and temporal states of the battery, such as the concentration of the solid/electrolyte phase and the current/potential distribution of the two electrodes. The widely used electrochemical models for battery SoC estimation are the one-dimension (1D) model [32] - [34] , the pseudo two-dimensional (P2D) model [35] , the quasithree dimensional full order physical model [36] and the first principle model [31] , among which the simplification of the P2D model, single particle model [31] , [37] - [44] is most popular.
Chao-Yang Wang proposed a simplification model of 1D electrochemical model though the transfer function method [33] , [34] . The order and complexity of the original 1D model have been greatly reduced. Then an extended Kalman filter (EKF) has been employed to build a modelbased SoC estimator with this simplified model [45] . To improve the prediction performance of the EM with regard to voltage, degradation and temperature behaviors of battery, Doyle et al. proposed a P2D electrochemical model on the basis of its physical process [46] , [47] . A common disadvantage of the P2D model is the long simulation time due to the large number of nonlinear equations, thus this model becomes computationally inefficient for simulating conditions such as cycling behavior and series/parallel configuration of stacked cells in battery packs. To solve the problem of low computational efficiency of the P2D model which is unsuitable for BMS application, the single particle model has been proposed and the schematic of the model is presented in Fig.5 .
The single particle model ignores the detailed distribution of local concentration and potential in the solution phase and instead accounts for a lumped solution resistance term. Furthermore, the local reaction currents across the porous electrode are assumed to be uniform, which allows treating a porous electrode as a large number of single particles, all of which are subjected to the same conditions. These assumptions are reasonable for low applied current densities, FIGURE 5. Schematic of the single particle model [41] .
thin electrodes, and highly conductive electrodes [48] . Based on the single particle model, the EKF and unscented Kalman filter (UKF) are respectively used to build the SoC estimator by Santhanagopalan and White [43] , [49] .
Estimation methods based on the EM can reflect the effect of kinetic process and charge transfer process in the battery. The estimations can not only satisfy the required accuracy of the BMS, but also provide some rules for the optimal design of the battery. However, though several simplifications have been made, it is difficult to identify all parameters. Additionally, it requires high professional background, thus it hardly can be applied to the BMS directly.
2) EQUIVALENT CIRCUIT MODEL (ECM)
The ECM is widely applied to BMS and vehicular energy management system [50] - [77] . It uses electrical circuit components, such as resistors, capacitors, and voltage source to build circuit networks to describe the terminal voltage of batteries. It can describe various dynamic behaviors of the battery accurately. It has good applicability and expansibility, and can be used to develop the model-based SoC estimation approach precisely. be expressed by Eq. (2).
It is noted that the symbol of battery current is positive during the discharging process and the symbol is negative for charging process.
Following are three typical realizations of the model-based SoC estimation with the ECM.
a: OCV RECURSIVE ESTIMATION
Since battery OCV shows a monotonically increasing trend with SoC, the SoC can be predicted in real-time through the online identified OCV. The commonly used algorithms for battery system identification are recursive least squares (RLS) and the Kalman filter. The RLS method gets the optimal matching results for battery parameters by minimizing the sum of squares of the terminal voltage prediction error based on the ARX (auto regressive exogenous) model [61] . The Kalman filter achieves the accurate realtime parameters by minimizing the root mean square error between the desired output value and actual output value based on its state equation.
Based on the presented NRC equivalent circuit model, References [60] - [62] have proposed a RLS-based online parameter identification method with an incremental analysis based ARX model, and the trade-offs between model complexity and prediction precision have been systematically analyzed and evaluated. It can provide a reference for selecting the structure of battery model. With the online identified battery OCV, the authors have implemented the SoC estimation with the looking-up table based method. The results indicate that the SoC estimation errors are less than 5%. What's more, when the order of the NRC model is more than three, it is hard to obtain all parameters of the ARX model with the RLS based methods. To overcome these problems, an adaptive extended Kalman filter (AEKF) has been employed to develop an online parameter identification model and a recursive SoC estimation method. Results suggest that the SoC estimation with the mapping relationship also can ensure an acceptable accuracy for the LiMn 2 O 4 lithium battery [63] .
It is worth noting that the mapping relationship between battery SoC and OCV is very sensitive to the material characteristic and aging status of battery cell. Fig.7 shows that the OCV behaviors of the four kinds of lithium-ion battery cells are different, the slope of OCV curve of C/NCM is relatively steep and C/LFP is very flat. Thus, the corresponding SoC rates of change per mV OCV are very different. Considering that the voltage measurement inaccuracy of 5 mV, the interpolation error of battery SoC for C/LFP lithium-ion battery cell will be more than 10% while the errors for the other three kinds of lithium-ion batteries are less than 2.5%. On the other hand, the uncertain operating temperatures and aging levels also affect the mapping relationships between battery SoC and OCV, and maybe reduce the inference accuracy. Therefore, the OCV recursive estimation based SoC prediction method is not sufficiently accurate for main kinds of lithium-ion batteries.
b: SoC RECURSIVE ESTIMATION
Let us take the EKF for an example. The EKF remains the most preferred state estimator for solving both unconstrained and constrained state estimation problems in the field of battery modeling and state estimation. In state estimation, the EKF is the standard method of choice to achieve a recursive (approximate) maximum likelihood estimation of the inhabited state. It provides optimal state estimation with minimum mean square error based on the information obtained from the system model and assumptions on uncertainties (noise) [65] .
In 2004, G. L. Plett applied EKF to identify the parameters of the ECM and estimate the SoC of the batteries [23] - [25] . Taking the simple model as an example, the detailed implement processes of the SoC estimation with the EKF are described as follows. The model equation can be expressed by Eq.(3).
where OCV(z) denotes the function for battery OCV, Q denotes battery nominal capacity of battery, R denotes ohmic resistance of battery. Then the Jacobi matrices of the EKF can be provided by:
A general flow diagram of the EKF is presented in Fig.8 , where L denotes Kalman gain matrix. Corrections for the residual error of the model-based estimation process presented in Fig.4 are executed by updating the state estimation with the measurements in the EKF algorithm. Since the characteristics of state and measurement noise are considered in EKF, these SoC estimation methods achieve strong noise immunity. It is worth noting that battery OCV can affect the state estimation through the Kalman gain matrix since the Kalman gain matrix K is updated by the Jacobi matrix C, which is updated by the OCV of battery from Eq.(4). Thus, the relationship between battery OCV and SoC plays a significant role in EKF based SoC estimation.
In Fig. 8, x k is the vector of dynamic states, u k is the control input, w k represents process noise which is assumed to be discrete-time Gaussian zero-mean white noise with covariance of x,k . It should be noted thatx − k andx + k both are estimates of the same quantity; and both are estimates of x k . However,x − k is the estimate of x k before the measurement y k is taken into account, which is called priori estimate, andx + k is the estimate of after the measurement y k is taken into account, which is called posterior estimate.
However, the estimation accuracy of battery SoC with the above recursive estimation methods relies on the prediction accuracy of the model. As a result, an inaccurate or inappropriate battery model will lead to unrealistic estimates. Ref. [74] provided a detailed analysis of the SoC estimation results considering the uncertain model parameters of the battery. It shows that the dual/joint estimation for battery parameters and states is an effective solution.
c: JOINT/DUAL ESTIMATIONS
Considering that the battery parameters tend to change slowly over time while system states are prone to rapid fluctuation over time, it is not an optimal choice to use the same time scale for battery parameter and state estimation; on the contrary, the approach with the same scale barely can achieve accurate and reliable system estimates, and largely increases the computational cost of the control system. On the other hand, accurate and real-time estimation of battery capacity is an indispensable prerequisite for battery SoC estimation. The SoC estimation algorithm with the known battery capacity is difficult to apply to the BMS. So the multi-scale EKF is developed which uses the macro scale to estimate the battery parameters and uses the micro scale to estimate the system state, and the parameters of battery include model parameters and capacity, the state is the SoC. The implement flowchart of the proposed multi-scale EKF is presented in Fig.9 .
Verification results of the multi-scale EKF show that maximum estimation errors of the capacity and SoC of batteries are less than 2% against uncertainty operating conditions and degradation status [77] . Where the macro-scale'' and microscale mean the estimation under big and small calculated time intervals. Based on the above analysis, the joint/dual estimation methods for battery parameters and states are more suitable for EVs application.
3) ELECTROCHEMICAL IMPEDANCE MODEL (EIM)
The electrochemical impedance spectroscopy (EIS) provides a unique tool for the analysis of the dynamic behavior of batteries. Compared with step-response methods, which are widely used for building ECMs, harmonic small-signal excitation allows for direct measurement of system response in any operating point. What's more, the parameters in EIMs VOLUME 6, 2018 have a more substantial meaning than those presented in ECMs. In addition to the resistance, capacitor and voltage sources, the porous electrode theory based EIMs further comprise Warburg element, constant phase element (CPE), ZARC element et al. Based on the analysis with the measurements of EIS, [78] proposed an equivalent circuit of the EIM which is presented in Fig. 10 .
In Fig.10 , V ocv denotes the OCV of the battery; V 1 , V 2 and V 3 denote the voltage for R 1 , ZARC and Warburg respectively; V o is the terminal voltage of the battery which can be measured directly; I denotes the load current.
Based on the measurements of EIS at different SoC points, we can identify the parameters of EIM. Then with the stateequation of the EIM, we can use the calculation processes of the model-based estimation method presented in Fig.4 to estimate the SoC of battery in real-time [51] , [78] - [80] . The estimation results of the battery SoC with the above described method shows that the maximum errors are less than ±1% [78] .
D. DATA-DRIVEN ESTIMATION METHODS
Data-driven control methods merely use the input-output data of the system to develop a controller. Since these methods do not require an accurate plant model, the estimations and assumptions introduced in the plant modeling step are omitted. In particular, the data driven control approach can show great advantages in the following cases [81] :
(1) The global mathematical model of the controlled system is completely unknown;
(2) The uncertainties of the controlled system model are great; (3) The mathematical model cannot be built for defining the controlled system with uncertain structure in its operating process; (4) The mechanism model of the controlled system is too complicated or the number of the order is too prohibitive or it is impractical to analyze and design.
The black-box model is a typical data-driven method and the intelligent system is a classic approach. Due to the internal complex chemical reaction process and uncertain external operating conditions of batteries, it is challenging to model batteries accurately by ECM and EIM. However, the black-box model which uses the nonlinear relationship of the input data to train the model has several potential benefits such as parallel distributed processing, high computation rates, fault tolerance and adaptive capability to deal with this complicated problem. The typical algorithms that can be used for the black-box model includes the fuzzy controller [82] , [83] , the neural network [84] - [86] , the support vector machine [87] , [88] and a combination of these algorithms [89] - [91] .
Nonlinear statistical data modeling tools are more practical. They can be used to model complex relationships between inputs and outputs or to find patterns in data. Ref. [85] used the neural network to develop the SoC estimator, where the input layer contains the current, temperature, SoC of the battery, and the voltage is the output layer. Results show high computation accuracy with this method.
The black-box model method can effectively solve nonlinear problems of modeling and state estimation, and realize high prediction accuracy. However, these algorithms are very sensitive to their parameters and they may not even be convergent with bad parameters selection when the train data cannot completely cover the present operating conditions.
E. RECOMMENDATION FOR THE ENGINEERING APPLICATIONS
The data-model fusion method is a type of online data driven estimation approach. It merges the online data-driven method and the model-based method, where the data-driven method can identify the system parameter in real-time with the online measurements. The model with real-time behavior can greatly improve the performance of the controlled system. The relationship between the online measurement data and the offline data is relative but interdependent. The online data-driven method merely uses the real-time measurements of the controlled system and the knowledge obtained from data processing to design the controller. It can ensure the convergence, stability and the robustness of the controlled system. Commonly used algorithms for the online data-driven methods are the RLS based method [75] , the support vector machine [92] , [93] , the bias-correction based methods [60] .
Sun and Xiong [94] proposed a data-model fusion method to estimate the SoC of a multi-cell series connected battery pack. Through the detailed analysis of the terminal voltage behavior of the battery, a model bias function between the ''average pack model'' and each single cell involved in the battery current, SoC and the current rate has been developed. Then the RLS and AEKF have respectively been used to update the model bias and estimate the SoC for all cells in the battery pack. Results indicate that both the voltage prediction error and SoC estimation error are less than 1% for all cells. They also indicate that the data-driven method does not repel the model-based method. In contrast, they are able to penetrate and complement each other and achieve a novel data model fusion method. It is worth noting that the datadriven method uses the experiment data in different levels and time scales, which is different from the model-based method that uses the offline data once.
Based on the above analysis for four types of SoC estimation methods for battery cell, we can find that each type has its own advantages. Taken as a whole, the joint/dual estimation methods for battery parameters and states and the data-model fusion method are two progressing method for achieving the accurate battery SoC estimation in real practical application. However, the prediction performance of battery models will degrade as the variation of battery aging, and operating condition and environment, different SoC operating ranges also will affect the model and method performance. Reference [95] discussed the predicted accuracy of the same battery models and different battery models under different SoC operating ranges, respectively. It found that the performance of the battery model is very sensitive to the above factors and then a new battery model merged by different models through the Bayes theorem has been proposed. Results show the fusion model has better overall performance under different battery operating conditions, aging levels and working ranges. Therefore, we can merge different types of battery models, i.e., EM and ECM, to form a multi-model fusion based data driven SoC estimation model/methodologies for ensuring the overall performance of battery SoC estimation. In this methodology, the joint/dual method can be employed as one part.
III. SoC ESTIMATION FOR BATTERY PACKS
Considering that the voltage and capacity/energy levels of battery cell cannot meet the requirements of EVs, the battery packs are usually composed of up to hundreds of cells connected in series or parallel. As we know, the more numbers of the cells connected in battery packs, the greater of the difference happens in each battery cell. What's worse, the inconsistencies in cells performance caused by the manufacturing chain coupling with the operation conditions of the battery system will lead to different degradation rate in their performance, and in turn spread the differences in individual cells [96] . As a result, it is difficult to fully guarantee the conformity of the initial performance parameters as well as the intrinsic or extrinsic operation condition of battery packs, and this non-uniform characteristic would lead to a difference in battery state. Consequently, the differences in battery performance degradation would be aggravated by those differences in battery state in turn.
On the other hand, for one battery cell, we can measure its capacity and SoC through discharging it from fully charged status to fully discharged status. Different from battery cell, the capacity and SoC of battery pack are not the basic natures. It is because the inconsistent characteristics of battery capacity, resistance, voltage et al, exist in battery pack unavoidably, which makes the accurate capacity and SoC measurements of battery pack are very hard. Battery pack shows strong time-varying, nonlinear, non-uniform and other complex characteristics. In this way, the SoC estimation of the battery pack can be equivalent to an estimation problem for the inner inhabited state of a strong time-varying, nonlinear, non-uniform and other complex hybrid connection battery system. However, so far there is no systematic theory to solve this problem.
To achieve accurate SoC estimations for battery packs, several efforts have been made and they can be classified into three types.
A. CELL CALCULATION BASED METHODS
Generally, it has three kinds of realizations.
(i) ''Big cell'' method, which regards the battery pack as a big cell, the battery pack's voltage and current are used to calculate the SoC of battery pack [26] , [97] . However, the inconsistent characteristics in cells performance have been ignored. Obviously, it cannot ensure the safety application of the battery pack although it has less amount of calculation.
(ii) ''Short board effect'' method, which uses the extreme cell to calculate the SoC of battery pack. Namely, during discharging process the cell with lowest voltage is used for indicating the SoC of battery pack and during charging process the cell with highest voltage is used for indicating the SoC of battery pack. Obviously, it can improve the safety of the battery pack, but for battery pack commonly used of 30∼80% SoC operating range, this method will reduce the energy utilization of the battery pack.
(iii) One by one calculation method, which estimates the SoC for all cells in battery pack and then calculates the SoC of battery pack. As expect, this kind of method can obtain the desired estimation accuracy. However, the computational cost is big and it is not suitable for BMS in EVs.
B. SCREENING PROCESS BASED METHODS
It selects the battery cells which have similar battery capacity, resistance, et al, to construct a battery pack and then use the SoC of one cell from the battery pack to represent the SoC of battery pack due to the fact that all cells have good consistency. Reference [96] proposed a second level screening process to select the battery cells for packaging a battery pack, as shown in Fig.11 . The results showed that the SoC estimation errors are less than 2% for all the cells in the battery pack. However, as aging process goes on, the performance of this method will degrade to the ''big cell'' method. The greater difference of the cells will make the estimation error bigger and bigger. It firstly builds a nominal model for battery pack and then uses the bias-correction method to online identify the difference between the nominal model and the battery cell, the SoC estimation is carried out with the corrected model. With the SoC of each cell, the SoC of battery pack can be calculated lastly [94] .
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FIGURE 12.
Flowchart of the proposed framework for battery SoC estimation [94] .
where uncertainty δ is the function of cell discharge/charge rate−C j rate , cell SoC− z j , maximum available capacity difference Q j between cell j and average value of battery pack. It is noted that the superscript j is used to denote the cell number in battery pack. The determination of model and parameter uncertainties is a recognized problem. In this study a Radial Basis Function (RBF) neural network was used to develop a response surface approximate method for the determination of the bias function. Results indicate that this method shows has good performance. It is noted that the nominal model can be built from the average pack model or special cell model. This method can reduce the computational cost and improve the real-time performance of the battery model. It is a promising method for solving the SoC of battery packs against their strong time-varying, nonlinear and non-uniform characteristics. However, if the number for battery cells in an electric vehicle is too big, the computational cost is required to be greatly reduced.
IV. CONCLUSION AND RECOMMENDATION
Battery SoC estimation is an essential function of a BMS used in electric vehicles. This paper reviews and compares typical SoC estimation methods, with a focus on their use in electric vehicles. Four types of battery cell SoC estimation methods and three kinds of SoC estimation methods for battery pack have been systematically evaluated and summarized. Although a large number of estimation methods have been proposed and corresponding progress and applications have been obtained, the systematic theories and methods for the reasonable management of battery packs cannot be determined. Both the theoretical research and technological application of the SoC estimation are remaining challenges.
(1) Multi-constraint, multi-scale and multi-state joint/ dual estimation. Estimation of battery SoC involves the accuracy of initial values and the measurement, and also involves the identification for path of capacity degradation and the thermal behavior of batteries. The existing methods mainly work for correcting the initial error of SoC or achieving the joint/dual estimation for battery capacity and SoC, but they seldom consider the mechanical properties (fatigue damage), electrical properties (degradation path of capacity) and thermal properties (thermal failure track) of batteries. The fusion method by combining of data-driven control strategy, multi-scale multi-dimension optimization theory and optimal estimation theory may provide an effective solution for the multi-constrain multi-scale state joint estimation.
(2) Multi models fusion modeling method for batteries. Commonly used battery models for EVs comprise of EMs, ECMs and EIMs. EMs can model the complex chemical reaction process of batteries but they cannot provide a comprehensive description of capacity degradation, thermal failure and the mechanical fatigue process of batteries. The strength of the ECMs and EIMs is that the structure and order of the models are relatively simple, and the limitations are that they cannot illustrate the inner reaction kinetics as well as the capacity degradation and aging path of batteries. Each types of battery models have its strengths and drawbacks, so a fusion model by combing different types of battery models with a well-designed fusion rule can achieve good predictive performance under uncertain battery aging levels, operating conditions and battery materials.
(3) SoC estimation for a hybrid connection battery system with strong time-varying, nonlinear and non-uniform characteristics. The battery pack used in the EVs consists of hundreds of battery cells. It is difficult to ensure the consistency of the parameter and state for all cells. What's worse, due to the disturbance of uncertain operating conditions, aging levels and the balancing strategies, SoC estimation methods designed for battery cell cannot ensure the SoC estimation accuracy of the multi-cell battery pack. As a result, this will finally lead to inefficient energy use. Thus, the SoC estimation of the battery pack can be equivalent to a kind of state estimation problem for a hybrid system with strong time-varying, nonlinear and non-uniform characteristics. Thus, we can seek solutions from the uncertainty modeling theory, the system identification theory and the datadriven control theory.
